Understanding the global relation between Earthquake-Induced Landslides (EQILs) and the factors contributing to their initiation is still an open topic within the geomorphological community. Accessing EQIL inventories and analyzing them concerning their potential causes is the key to explore such relation. However, each of the existing EQIL inventories has its level of completeness and associated uncertainty which makes any unified relationship which is challenging to obtain. So far, the completeness of EQIL inventories has never been clearly defined. As a result, it has never been accounted for in global EQIL predictive models. In this technical note, we propose a simple definition for the completeness of EQIL inventories. We analyze 30 digital EQIL for 21 earthquakes and develop a semi-quantitative method to estimate the completeness level, which we refer to as Completeness Index (CI). The CI results from a combination of topographic factors, ground shaking parameters, and a measure derived from landslide size statistics. The proposed CI consists of Low, Moderate, and High completeness classes which can be used to evaluate any landslide inventory.
Introduction
Two terms exist to assess the reliability of a landslide inventory: quality and completeness. The quality of an inventory is defined based on geographical and thematic accuracy of the information shown on a map . The completeness represents the extent to which an EQIL inventory includes all co-seismic landslides for a specific earthquake . Both quality and completeness directly affect the reliability of landslide susceptibility (e.g., Lombardo and Mai, 2018) , intensity (e.g., Lombardo et al., 2019a) and hazard assessments (e.g. Pellicani and Spilotro, 2015) or, more generally, any other analysis involving the size, type and spatial distribution of landslides (Fell et al., 2008) . The quality and completeness of an inventory also affect the Landslide-Event Magnitude scale , which is used to quantify any landslide event (Keefer, 1984; Malamud et al., 2004; Tanyaş et al., 2018) . Estimating the quality is generally not achievable because sufficient background information regarding the mapping procedure is not provided (Tanyaş et al., 2017) .
Although the limitations due to poor metadata still apply for completeness, few examples still exist in the literature where authors have evaluated the completeness up to some extent. For instance, a qualitative completeness assessment is provided by comparing several inventories pertaining to the same earthquake in Xu et al. (2014b) .
However, such a definition of completeness has been proposed only in relative terms. In other words, according to the current literature, a completeness level cannot be assigned in case of single inventories. Another example corresponds to Malamud et al. (2004) , where the authors examined the Frequency-Area Distributions (FAD; e.g., Pelletier et al., 1997) of four EQIL inventories. Some of the limitations due to the subjectivity of this mapping procedure have been highlighted by Tanyas et al. (2019) . Tanyaş et al. (2017) propose a questionnaire to preliminary assess the completeness of co-seismic EQIL inventories. They evaluate it by asking the following questions: Q 1 ) Have pre-existing landslides been removed from the earthquake-induced landslide inventory? Q 2 ) Is there a minimum size threshold used for mapping landslides? Q 3 ) Are landslides mapped for the entire landslide-affected area or just for a subregion?
Whether the first question can be addressed, it entirely depends on the information provided by the authors who digitized the inventory in the first place. However, the remaining two questions can be estimated a posteriori, even without metadata. Specifically, we can use a proxy for the minimum landslide size (Q 2 ) and a proxy for the examined area (Q 3 ). The first proxy exploits the suggestions made by Malamud et al. (2004) , whereas the second one relies on the framework proposed by Tanyaş and Lombardo (2019) .
In this study, we combine such proxies and develop a semi-quantitative evaluation method to assess what we refer to as Completeness Index (CI) for EQIL inventories. As a result, by considering these quantitative proxies, we can express the CI into three qualitative classes: High, Moderate, and Low. To test this procedure, we analyze 30 digital landslide inventories from earthquake events that occurred around the globe.
The workflow to obtain the CI has been made accessible as an ArcGIS toolbox in the supplementary material, together with a test dataset.
Background
The proxy we used for the minimum landslide size (Q 2 mentioned above) corresponds to the rollover point in landslide Frequency-Area Distributions (Stark and Hovius, 2001; Guzzetti et al., 2002; Van Den Eeckhaut et al., 2007) . The rollover point corresponds to the peak of the curve after which the frequency-density value begins to decrease for smaller landslides, in case of non-cumulative landslide FADs (e.g., Ghosh et al., 2012) . The FAD is built based on the areal extent of landslides associated with a given earthquake. Malamud et al. (2004) were the first to model the theoretical FAD curves using four nearlycomplete inventories. Based on their modeled distribution, Malamud et al. (2004) interpret the divergence from the theoretical FAD curves as an indication of the incompleteness of the observed inventory. However, this approach does not provide any information regarding the level of completeness. Moreover, argue that the shapes of landslides FADs show large variability. It is, therefore, not possible to define universal curves and evaluate the completeness comparing an inventory's FAD with theoretical curves. The rollover point is considered as the closest estimate for the landslide size at which the inventory can be assumed to be nearly complete. It can, therefore, be used as a proxy for the minimum mapped landslide (Parker et al., 2015; Tanyaş et al., 2017 .
To address the question regarding which area is mapped with respect to the total affected area, we followed the approach suggested by Tanyaş and Lombardo (2019) . The authors examine the landslide-affected area in relation to Peak Ground Acceleration (PGA) and topographic conditions. They recognize the minimum PGA encompassing 90% of all landslides associated with 20 EQIL inventories and referred to it as the Common PGA contour, which corresponds to 0.12 g. Based on the 0.12 g boundary, the authors calculated the Areal Coverage of Landslide-Susceptible Area (ACLSA). The ACLSA is defined as the ratio (expressed in percentage) between the total landslide susceptible area and the area covered by the Common PGA contour. This ratio essentially normalizes the area exposed to ground shaking by the terrain where landslide may occur. The latter is expressed as the areal sum of remaining pixels once those pixels with a slope lower than 5 degrees and relief lower than 100 m have been removed. By correlating the ACLSA to the actual landslide-affected areas, they present a global relation between the two parameters. We use this approach as a proxy for the examined area criterion (Q 3 mentioned above).
Material
In this work, we exploit the global EQIL inventory database collected and presented by Schmitt et al. (2017) and Tanyaş et al. (2017) . It contains 64 digital EQIL inventories for 46 earthquakes with various quality and completeness levels. In the present contribution, we use 30 EQIL inventories from 21 earthquakes filtering out those missing the size information on individual landslides (Fig. 1) . Additionally, we also disregard the inventories for which the epicenter is located offshore. We eliminate the second batch of inventories because they previously proved to behave differently from the rest of the sample (Tanyaş and Lombardo, 2019) . Ultimately, we also chose to eliminate inventories associated with more than one major shock because their spatial distribution can reflect multiple disturbances.
Methodology
To define a complete EQIL inventory, one needs to know the extent up to which landslides have been mapped via orthophotos or satellite scenes (e.g., Van Westen et al., 2008; Wasowski et al., 2011) . We refer to the former as landslide affected area and to the latter as landslideexamined area. Theoretically, the landslide affected-area can be defined with a polygon covering all landslides triggered by the corresponding earthquake. As for the landslide-examined area, this information should be reported in inventories' metadata. However, in the vast majority of landslide inventories, the information regarding the landslide examined-area and whether it corresponds to the whole landslide affected-area is often not reported. This may have an implication on the cascading calculations of the predicted landslide affected-area, whose uncertainty propagation has been already discussed in Tanyaş and Lombardo (2019) . The only choice that remains to a landslide scientist is inevitably to consider the boundary within which all the mapped landslides fall. Ideally, if landslide -affected and -examined area coincide, then an inventory would be cartographically complete (not taking into consideration the mapped landslide size yet).
In practice, by knowing both the boundaries of landslide -affected and -examined areas, we can compare them and express their ratio as a proxy for the examined area criterion. Notably, in case of a partial inventory, the actual boundary of the landslide-affected area cannot be determined. However, even for inventories compiled by examining the whole affected area, the resolution of the imagery scanned for mapping can still pose a limitation to the minimum size of recognizable landslides.
Here, we assess the CI according to the following steps. We 1) predict the landslide-affected area; 2) calculate the Percentage of Landslide-Examined Area; 3) calculate the rollover point (∼ minimum landslide size); 4) aggregate this information into the Completeness Index. The stepwise procedure and relative terminology are explained and summarized below.
In step 1, we use the relation (see Fig. 2 ) between Areal Coverage of Landslide-Susceptible Area (ACLSA) and Peak Ground Acceleration (PGA), following the approach presented in Tanyaş and Lombardo (2019) . In other words, we estimate the likely areal extent of landslideaffected areas as a function of PGA. This choice may inherit some limitations due to the simplistic assumption made here. However, for a global model, we assume this to be sufficient as also demonstrated by the correlation pattern retrieved in the aforementioned article.
In Fig. 3 , we clarify this approach by showing how to estimate the landslide affected area for the 2015 Gorkha example. As a result, the ACLSA corresponds to 69% of the study area, and the estimated landslide-affected area is bounded by the 0.25 g PGA.
In step 2, we compare the landslide-examined area with the landslide-affected area predicted in Step 1. If the extent of the landslideexamined area is not provided in the corresponding paper/report, we fit a polygon which covers all the mapped landslides and uses this one instead. Subsequently, we calculate the ratio (expressed in percentage) between the landslide-examined area and the predicted landslide-affected area. Fig. 4 summarizes this ratio in map form for two Gorkha inventories, again used as a graphical example. The first inventory was provided by Roback et al. (2017) , while the second was digitized by Tanyas et al. (2018) . The resulting Percentage of Landslide-Examined Area (PLEA) corresponds to 99% for the first case and 6% for the second one.
At this stage, PLEA does not account for the unmapped small landslides within a specific EQIL inventory. claim that the rollover point in FADs can be used as the upper-bound estimate of the minimum landslide size, at which the inventory can be assumed to be nearly complete. We want to remind that mapped landslides for a given inventory can extend to much smaller cases. The rollover, however, is interpreted to be representative of a specific class of landslide extents for which their entire distribution is sampled/digitized.
In Step 3, we combine the PLEA with the rollover point information, and the latter used as a proxy for the minimum fully-mapped landslide size.
To put things into perspective, the gold standard for the quality of an EQIL inventory corresponds to the 1994 Northridge inventory Jibson, 1995, 1996) . This is a rare case, unanimously considered to be nearly-complete (Guzzetti et al., 2002) . And, it has already been thoroughly examined by Malamud et al. (2004) when they first proposed the landslide FAD. For this inventory, the rollover point corresponds to ∼500 m 2 . We consider this value as our reference, and any inventory which deviates from this reference rollover value we assume it to be less detailed.
In step 4, we jointly evaluate the PLEA and rollover size. We simplify the CI into three classes using a combination of these two proxies. EQIL inventories with over 50% PLEA and rollover size equal or smaller than 500 m 2 are classified with "High Completeness" (HC). Those with PLEA greater than 50% but with rollover sizes larger than 500 m 2 are classified with "Moderate Completeness" (MC). And, we classify the inventories which do not satisfy either of the two conditions with "Low Completeness" (LC). Notably, using both PLEA and rollover size produces four combinations. We opted, however, for three classes only because if the percentage of landslide-examined area is low. And no matter the detail at which landsides have been originally mapped, the resulting inventory will still be incomplete.
Results
Following steps 1 and 2, we estimate the landslide-affected areas and the PLEA (the latter reported in Fig. 5 ) for 30 EQIL inventories, respectively. Out of the 30 inventories, the minimum PLEA corresponds to the 2008 Wenchuan inventory published in Tang et al. (2016) , whereas six inventories show an average PLEA over 90%. These are the 1983 Coalinga (Harp and Keefer, 1990) , the 1994 Northridge Jibson, 1995, 1996) , the 1999 Chi-chi (Liao and Lee, 2000) , the 2008 Wenchuan (Xu et al., 2014b) , the 2010 Haiti (Harp and Jibson, 2016) , the 2010 Sierra Cucapah (Barlow et al., 2015) , the 2013 Lushan (Xu et al., 2015) , and the 2015 Gorkha (Roback et al., 2017) EQIL inventories.
According to the third step, we calculate the rollover sizes and report them in Fig. 5 . Ultimately, we used these findings to classify each inventory according to the CI (Fig. 5) . Tanyaş and Lombardo (2019) . The change corresponds to the 1986 San Salvador inventory (Rymer, 1987) , which we disregarded in this work because it does not include information on the rollover point. Solid red line corresponds the best linear fit bounded by the associated 95% credible interval, shown in between the dashed lines.
Discussion
The main limitations of the method we propose here are inherited from Tanyaş and Lombardo (2019) . In addition to those, in this work, we add another limitation coming from the thresholds used to classify both PLEA and rollover point. However, this is inevitable, especially in a globally applicable classification tool. The choice we have made to provide a simplified classification scheme originates from the need to reduce the several sources of uncertainties into few classes. For this reason, the tool converts our quantitative evaluation into a qualitative one. As a result, we have developed a semi-quantitative framework to evaluate the completeness level of EQIL inventories.
Notably, it is challenging to validate the results because most of the original data lacked the required information; nevertheless, we provide our interpretation below.
As a reference, we initially check five of the EQIL inventories, which were reported as the most comprehensive by (Harp et al., 2011) . These inventories correspond to the 1976 Guatemala (Harp et al., 1981 (Harp et al., ), 1983 Coalinga (Harp and Keefer, 1990 ), 1994 Northridge (Harp and Jibson, 1995 , 1996 ), 1999 Chi-Chi (Liao and Lee, 2000 and 2008 Iwate-aMiyagi-Nairiku (Yagi et al., 2009) events. Our classification result is generally consistent with the comments provided by (Harp et al., 2011) . We classify the 1976 Guatemala (Harp et al., 1981) , the 1983 Coalinga (Harp and Keefer, 1990 ) and the 1994 Northridge Jibson, 1995, 1996) inventories with High-Completeness (HC). However, we classify the 1999 Chi-Chi (Liao and Lee, 2000) inventory with Moderate-Completeness (MC) due to its rollover size higher than 500 m 2 . Lee (2013) stated that the Chi-Chi inventory, provided by Liao and Lee (2000) , was rapidly mapped after the earthquake for the whole of Taiwan. Notably, Lee (2013) updated this inventory a few years after the disaster. However, we did not get access to this updated version although we can expect their new version to have a smaller rollover point. Nevertheless, our MC classification for the inventory provided by Liao and Lee (2000) is reasonable, considering the post-disaster time constraints during which it was compiled. Also, our calculations return a Low Completeness (LC) for the 2008 Iwate-Miyagi-Nairiku. This is an unusual case. However, by checking the Fig. 1 in Yagi et al. (2009) , what stands out the most is that the geomorphological map is exceptionally detailed within the area examined by the authors. Nevertheless, the authors do not specify if they examined a larger region. A low completeness indicates that the expected area affected by landslides could have been larger than the actual area investigated by the authors. Specifically, our PLEA is ∼40%.
We assign the 1976 Friuli inventory (Govi, 1977) with low-completeness (MC). Among all the inventories we analyze, this inventory is the oldest one, mapped in 1977. Because we do not have detailed information about the mapping procedure of this inventory, we cannot validate our finding for this inventory. Because of the imagery resolution at that time, it could be possible that landslides were mapped up to a coarser rollover point.
There are five inventories (1989 Loma Prieta (McCrink, 2001 , 2006 Kiholo Bay (Harp et al., 2014) , 2008 Wenchuan (Tang et al., 2016) , 2013 Lushan (W-L Li et al., 2013) , 2015 Gorkha (Tanyaş et al., 2018) ) for which landslides have initially been mapped only within a subset of the landslide-affected area. Our completeness evaluation assigns LC to those, as expected. Fig. 2; and d) Likely landslide-affected area translated into map form.
For the 1991 Limon (Marc et al., 2016) and partially for the 2002 Denali (Gorum et al., 2014) , inventories were provided using satellite imageries at a 30 m resolution. Our classification assigns an MC index, due to the respective rollover sizes, which are larger than 500m 2 . In this regard, our classification result is consistent with our prior knowledge.
We classify the 1995 Hyogo-ken Nanbu inventory (Uchida et al., 2004) as LC. In this case, the authors of this inventory shared the landslide-examined boundary. Considering the small rollover size (65 m 2 ) for this inventory, overall we should assume it to be highly complete. However, our model uses the area encompassed by the 0.12 common PGA, which is larger than their surveyed area. This is the main reason why our result assigns a lower completeness index. We cannot test whether this is a limitation in our model, similarly to the Iwate-Miyagi case, or if more landslides may have actually been triggered in 1995 outside the landslide-examined boundary.
As for the 2005 Kashmir earthquake, we got access to three inventories (Basharat et al., 2016; Basharat et al., 2014; Sato et al., 2007) which we classify as LC. Among these, the estimated PLEAs are 28.32% (+6.28 & -6.83) and 10.69% (+2.37 & -2.58) and 16.21% (+3.6 & -3.91) corresponding to the inventories provided by Sato et al. (2007) , Basharat et al. (2014) and Basharat et al. (2016) , respectively. Basharat et al. (2016) stated that the first two inventories were provided over a minimal area; thus, we can justify the inferred LC. As for the LC index for the remaining inventory, we do not have access to the area surveyed by the authors (like for Iwate-Miyagi and Hyogo-ken Nanbu). More generally, this could still be due to our model uncertainty, as described in Tanyaş and Lombardo (2019) .
In the case of the 2008 Wenchuan earthquake, we test four inventories. Three out of the four cover more than half of the landslideaffected area. Specifically, the estimated PLEA are 77.53% (+7.03 & -8.73), 97.36% (+1.02 & -5.86), and 63.53% (+4.62 & -7.02) for the inventories provided by Dai et al. (2011 ), Xu et al. (2014b ), and G Li et al. (2014 , respectively. However, the rollover points are larger than 500 m 2 for each inventory which results in an MC completeness index. Among the four, the inventory provided by Xu et al. (2014b) includes 197481 landslides over 8•10 4 km 2 which makes it the most comprehensive inventory for the Wenchuan earthquake. Nevertheless, small landslides might still be missing in this inventory. But also, one should consider that due to the numerous failures, the signature of small landslides could have been merged into a larger landslide body. Therefore, during the mapping procedure, it would have been challenging, for such a large landslide-affected area, to disentangle small from large mass movements.
The fourth inventory corresponds to the one presented in Tang et al. (2016) . This inventory was prepared with great detail using post-disaster images acquired through drone surveys, but for a limited part of the landslide-affected area. The resulting PLEA is 0.48% (+0.11 & -0.12), which resulted in an LC index. We used the inventory provided by Tang et al. (2016) as a reference to validate the CI assigned to the other three. The comparison shows that the rollover point, associated with the inventory compiled by Tang et al. (2016) , is much smaller than the ones estimated for the other three inventories, which cover a much larger region. As a result, we consider the MC assigned to the other three as acceptable.
We also examine the 2010 Haiti inventory presented by Harp and Jibson (2016) . This is generally considered a complete inventory, with a considerable amount of small landslides mapped in detail (Tanyas et al., 2019) . Based on our independent evaluation, this inventory is classified as HC. The inventory provided by Gorum et al. (2013) for the same earthquake is also classified as HC, although the PLEA is 84.85% Fig. 4 . Two independent examples for the 2015 Gorkha earthquake; a) and b) panels show how to compute the PLEA associated to the inventory provided Roback et al. (2017) ; panels c) and d) reflect the same operation for the inventory provided by Tanyaş et al. (2018) . The polygons in magenta correspond to the respective landslide-examined areas.
(+4.01 & -7.55). This is lower than the percentage obtained for Harp and Jibson (2016)'s inventory with a PLEA = 92.14% (+1.38 & -5.55). Barlow et al. (2015) used SPOT 5 satellite imagery and mapped the landslides triggered by the 2010 Sierra Cucapah earthquake. Because the earthquake occurred in a mountain range restricted by alluvial fan surfaces, landslides would likely be triggered in a topographically restricted area. Barlow et al. (2015) mapped that region, and therefore, they most likely mapped the majority of landslides. Our CI evaluation is consistent with this observation for the inventory is classified as HC.
We classify the 2010 Yushu inventory of as HC. The authors used aerial photographs and satellite images to compile this inventory. The estimated PLEA is 51.95% (+11.28 & -8.82), which is just above the defined limit to be considered as HC. Therefore, the inventory can be considered at the transition between MC and HC. Xu et al. (2015) mapped the landslides triggered by the 2013 Lushan earthquake and stated that they created a complete landslide inventory for this event. The result of our evaluation supports this argument for the inventory is classified as HC.
The PLEAs for the 2013 Minxian-Zhangxian (Xu et al., 2014a ) and the 2014 Ludian inventories are 44.09% (+1.22 & -1.17) and 61.81% (+2.01 & -16.92), respectively. We can consider the completeness class of Minxian-Zhangxian inventory as a transition between LC to MC. The Ludian inventory is MC just because of the coarse rollover point, although the actual value is very close to the 500m 2 reference (see Fig. 5 ).
We also estimate the completeness of the 2015 Gorkha (Roback et al., 2017) inventory to be HC. In this inventory, a very large area was surveyed (see Fig. 3, panels a and b) , and landslides were mapped in such detail that source and deposits of landslides have been differentiated. Therefore, the obtained completeness class is consistent with our prior knowledge. For the same earthquake, the inventory compiled by Tanyas et al. (2018) is assigned with a LC index, which does not come as a surprise considering the mapped area (see Fig. 3, panels c and d) .
We have two landslide inventories associated with the 2016 Kumamoto earthquakes. The first one (DSPR-KU, 2016) was released within one week from the mainshock, and thus it can be assumed not to include all landslides. Our approach classified this inventory as LC, which appears to be reasonable under the time constraints the authors had during the post-disaster phase. Conversely, the second inventory provided by NIED (2016) covered a much larger areal extent which has resulted in an HC index, also considering the relatively small rollover size. Fig. 5 . This plot is arranged into 5 elements (four columns and 2 rows). The first column to the left lists each inventory and corresponding authors; The second columns shows the values we obtained for the Percentage of Landslide-Examined Area, whereas the third one reports the relative Rollover point estimates. The last column summarizes our proposed Completeness Index, whose classification criteria are graphically explained in the bottom row. The error bars correspond to the 95% credible interval of the regression model shown in Fig. 2 and described in Tanyaş and Lombardo (2019) .
These evaluations show that the proposed completeness classification leads to consistent results overall, each time being consistent with our classification-independent and prior knowledge of the mapping procedures. However, there are two sources of uncertainty affecting our method.
The first uncertainty affects the estimation of landslide-affected areas. In Tanyaş and Lombardo (2019) , two parameters have been chosen to define susceptible areas, namely, 'slope' and 'local relief'. However, it is a well-known fact that other factors contribute to slope instability (e.g., lithology, structural geology, land cover, and groundwater conditions). However, the dual rule based on slope and relief is meant to support global applications, and substantial improvement should be possible if susceptible slopes are recognized via case-specific landslide susceptibility (Amato et al., 2019; Castro Camilo et al., 2017) or intensity Lombardo et al., 2019b) analyses. The second weakness is due to missing landslide-examined boundaries. When the authors do not provide those boundaries, we fit a polygon covering all the mapped landslides and use this as a proxy for the actual surveyed region. In some cases, this approach can cause an underestimation of the completeness level because it is possible that a larger area was originally surveyed, but no further landslides were found.
Conclusions
This research aims at developing a CI-based method to estimate the level of completeness for EQIL inventories. The method considers the control of both topography and ground shaking on the initiation of EQIL (see Tanyaş and Lombardo, 2019) . We introduce two proxies that correspond to the minimum fully-mapped landslide size (rollover point) and the ratio between the areal coverage of the examined region over the entire landslide-affected area (PLEA). We use the FAD of landslide inventories to derive the former proxy. And, we use two polygonal features pertaining to the mapping procedure and the actual extent of the landsliding process for the latter proxy. Since the EQIL are triggered as a result of a number of interplaying factors, the result of our numerical completeness evaluation is not necessarily devoid from uncertainties. On the contrary, substantial improvements can still be made by assessing the landslide-prone conditions in each inventory at a much higher resolution. However, even at the coarser level at which we have tested our method, we have classified each inventory with very reasonable CIs. And, an improvement from a qualitative to a (semi-) quantitative completeness evaluation was lacking in the geomorphological/engineering literature, making our workflow a useful tool to examine any EQIL inventory.
We believe that the proposed methodology can help researchers to be more aware of the limitations of EQIL inventories. As a result, considerations could arise on the basic requirements of open-access inventories. Also, in line with the purpose of the study, researchers may prioritize working on a specific dataset by relying on a numerical completeness measure. In our view, this method could become a standard requirement for any landslide study. Landslide models distributed over space will inherit some properties which reflect the completeness of the inventory. For instance, considering a smaller area than the theoretical landslide-affected area may emphasize some landscape properties or causative factors rather than others. In other words, an inventory with a low CI would inevitably either affect the considered absence locations (PLEA criterion) or train the model with a bias on the actual presences (Rollover criterion). This could be accounted for by associating the Completeness Index to the landslide susceptibility study. Also, studies focused on landscape evolution typically use the landslide volume information as one of the parameters. This is usually retrieved thanks to an area-to-volume conversion, but, a low CI would imply that the overall deposition budget would be possibly lower than the real one.
Ultimately, we provide the toolbox we developed to automatize the completeness assessment in the supplementary material. We hope that this would trigger a more standardized approach to estimate the completeness of an inventory both from the user and the mapper sides. The toolbox does not have a user manual, but every input/output window after launching the "CI" file contains detailed explanations and reference to the appropriate literature. We also share a test dataset to give the readers the chance to understand the required data structure and the report files produced at the end of the process. We tested it for all the considered inventories and the computational times ranged between 5 and 10 minutes (from the smallest to the most extensive inventories).
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